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ABSTRACT - Load forecasting is vitally important for the electric industry in the deregulated economy. It has 
many applications including energy purchasing and generation, load switching, contract evaluation, and 
infrastructure development. A large variety of mathematical methods have been developed for load forecasting. 
The present title discloses a novel approach for carrying out the constraints of energy requirements and 
minimizes the wastage of power at the workstations, mall, libraries, visiting centers, house hold requirements by 
actively predicting the power requirements. 
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I. INTRODUCTION 

Accurate models for electric power load forecasting are essential to the operation and planning of a 
utility company. Load forecasting helps an electric utility to make important decisions including decisions on 
purchasing and generating electric power, load switching, and infrastructure development. Load forecasts are 
extremely important for energy suppliers, ISOs, financial institutions, and other participants in electric energy 
generation, transmission, distribution, and markets. Load forecasts can be divided into three categories: short- 
term forecasts which are usually from one hour to one week, medium forecasts which are usually from a week 
to a year, and long-term forecasts which are longer than a year. The forecasts for different time horizons are 
important for different operations within a utility. For example, for a particular region, it is possible to predict 
the next day load with an accuracy of approximately 1-3%. However, it is impossible to predict the next year 
peak load with the similar accuracy since accurate long-term weather forecasts are not available. For the next 
year peak forecast, it is possible to provide the probability distribution of the load based on historical weather 
observations. It is also possible, according to the industry practice, to predict the so-called weather normalized 
load, which would take place for average annual peak weather conditions or worse than average peak weather 
conditions for a given area. Weather normalized load is the load calculated for the so-called normal weather 
conditions which are the average of the weather characteristics for the peak historical loads over a certain period 
of time. The duration of this period varies from one utility to another. Most companies take the last 25-30 years 
of data. 

Load forecasting has always been important for planning and operational decision conducted by utility 
companies. However, with the deregulation of the energy industries, load forecasting is even more important. 
With supply and demand fluctuating and the changes of weather conditions and energy prices increasing by a 
factor of ten or more during peak situations, load forecasting is vitally important for utilities. Short-term load 
forecasting can help to estimate load flows and to make decisions that can prevent overloading. Timely 
implementations of such decisions lead to the improvement of network reliability and to the reduced 
occurrences of equipment failures and blackouts. Load forecasting is also important for contract evaluations and 
evaluations of various sophisticated financial products on energy pricing offered by the market. In the 
deregulated economy, decisions on capital expenditures based on long-term forecasting are also more important 
than in a non-deregulated economy when rate increases could be justified by capital expenditure projects. 

The Electric Load Forecasting System is proposed around ANFIS system- is a kind of artificial Neural Network 
which is based on inference system. As it integrates benefits of both neural network and fuzzy logic principles it 
has potential to capture the benefits of both technologies in a single framework. 

II. Factors Affecting the Forecast: 

For short-term load forecasting several factors should be considered, such as time factors, weather data, 
and possible customers’ classes. The medium- and long-term forecasts take into account the historical load and 
weather data, the number of customers in different categories, the appliances in the area and their characteristics 
including age, the economic and demographic data and their forecasts, the appliance sales data, and other 
factors. The time factors include the time of the year, the day of the week, and the hour of the day. There are 
important differences in load between weekdays and weekends. The load on different weekdays also can behave 
differently. For example, Mondays and Fridays being adjacent to weekends, may have structurally different 
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loads than Tuesday through Thursday. This is particularly true during the summer time. Holidays are more 
difficult to forecast than non-holidays because of their relative infrequent occurrence. Weather conditions 
influence the load. In fact, forecasted weather parameters are the most important factors in short-term load 
forecasts. Various weather variables could be considered for load forecasting. Temperature and humidity are the 
most commonly used load predictors. 



III. Forecasting Methodologies: 

As the forecasting methodologies are procedures for quantitatively defining future loads. It can be classified 
depending on time period: 

a. Short Term 

b. Intermediate 

c. Long Term 

The short term plotting is carried out on daily load basis, also called Daily Load Curve, intermediate is carried 
out on monthly basis also called as monthly load curve and long term is carried out on annual basis also called 
as annual load curves, when plotted using load curves techniques. 
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Fig 1: ANFIS Structure 



IV. IMPLEMENTATION TECHNIQUES 

Effective forecasting techniques can be implemented using different platform: Embedded System, 
Using Programmable Devices and Using Neuro-Fuzzy System. 

Considering the different shortcomings of the other two platforms the present novel concept is 
implemented using Artificial Neural Network- ANFIS Technique. 

ANFIS is meant for integrating features if Fuzzy System and Neural Network. From Fuzzy System: it 
is representation of prior Knowledge into set of constraints (Network Topology) to reduce the optimization 
search space. 

And from Neural Network: It is adaptation of back propagation to structured network to automate 
Fuzzy control parametric tuning. 

In the present title, short term forecasting is executed, i.e. the network is designed for predicting the 
next hour expected load. Which can be procured and fulfilled from the power station well in advanced. 

For designing the network, three inputs are considered viz: Hour, date and month. This statistics of the pattern 
recorded for particular location is given as membership function inputs to the network for training. 
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Hour, date and month patterns are given as input will be then recorded and membership functions are created 
which nothing but the implementation is of if part. 

In the input column “H” indicates Hour Input, “D” indicates Date Input and “M” indicates Month input to the 
ANFIS Network. 

Based on the conditions i.e. if part certain rules are defined. Like number of membership functions to 
be implemented and their inter-relations. Once the membership functions are defined and rules are defined then 
the network is ready to use. That means it is in the state of predicting the load pattern to be fulfilled. 

The first step is executed by the fuzzifier which converts the input data pattern in to fuzzy sets. These 
set of data patters in now the exact input to the ANFIS system. Second crucial stage is executed by the 
permutator which applies all the possible combinations to the fuzzy set. This comes under the Rules + Norm 
Section. And the final, most decisive stage of the proposed system is inference unit. In the proposed system, the 
intermediate data generated is multiplied with the correcting factor of 1.2 units. 

The title proposes 1.2 multiplication factor as the best suitable unit for predicting the most precise 
forecasting. This multiplication factor depends on different parameters like Location, Weather conditions, days 
of the year and etc. Based on the experiment conducted for this title, 1.2 multiplication factor which is also 
called as the Bias of the system is best suitable. 

The inference unit is basically implementing the then part of the above figure. 

The unit is designed and trained which has then certain set of output pattern data, also called as the Permutator 
unit. 
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Figure 3 shows the sample result generated for the three input i.e. hour, date and month. The input data 
is given for 12:00 A.M. to 12:00 A.M. as a day input, 1 to 30 as date input and 1 to 12 as month input to the 
proposed ANFIS network. 

The proposed system is not only suitable for implementing the Load forecasting of the Power 
Generation Unit but is also suitable for implementing stock exchange system. In this system the historical values 
are given as an input to the Forecasting System with which it is possible to forecast sensex values. 

Second applications is in medical science in which again certain pre-coded data values which specifies 
the symptoms of the disease like cancer, heart attache and diabetes. In this mode of the system it is possible to 
take corrective actions for the patient before the serious health mode. 

In the third mode of the application of the system, weather forecasting can also be implemented for 
uncertain areas. The proposed system again can be implemented in three different ways for short term 
forecasting, intermediate and long term forecasting. But the proposed system is best suitable for weather 
forecasting if it is implemented considering Short Term Forecasting. Since, for the sites where the environment 
changes all of sudden, makes the system failure when implemented in intermediate and long term basis. 

For implementation of the above three systems ANFIS network can be modified in terms of number of 
inputs, intermediate membership functions and number of outputs to implement the desired system. 

V. Proposed Modifications: 

It is possible to extend the boundaries of applicability of the developed models and algorithms. So far, 
there is no single model or algorithm that is superior for all utilities. The reason is that utility service areas vary 
in differing mixtures of industrial, commercial, and residential customers. They also vary in geographic, 
climatologic, economic, and social characteristics. Selecting the most suitable algorithm by a utility can be done 
by testing the algorithms on real data. In fact, some utility companies use several load forecasting methods in 
parallel. Nothing is known on a priori conditions that could detect which forecasting method is more suitable for 
a given load area. But yes it is important to investigate the sensitivity of the load forecasting algorithms and 
models to the number of customers, characteristics of the area, energy prices, and other factors. 

VI. Conclusions: 

Accurate load forecasting is very important for electric utilities in a competitive environment created 
by the electric industry deregulation. In this paper, some statistical and artificial intelligence techniques that are 
used for electric load forecasting are discussed, also discussed factors that affect the accuracy of the forecasts 
such as weather data, time factors, customer classes, as well as economic and end use factors. Load forecasting 
methods use advanced mathematical modelling. Additional progress in load forecasting and its use in industrial 
applications can be achieved by providing short-term load forecasts in the form of probability distributions 
rather than the forecasted numbers; for example the so-called ensemble approach can be used. 

The progress in load forecasting will be achieved in two directions: (i) basic research in statistics and 
artificial intelligence and (ii) better understanding of the load dynamics and its statistical properties to 
implement appropriate models. 
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